Nature inspired population based algorithms is a research field which simulates different natural phenomena to solve a wide range of problems. Researchers have proposed several algorithms considering different natural phenomena. Teaching-Learning-based optimization (TLBO) is one of the recently proposed population based algorithms which simulates the teaching-learning process of the class room. This algorithm does not require any algorithm-specific control parameters. In this paper, elitism concept is introduced in the TLBO algorithm and its effect on the performance of the algorithm is investigated. The effects of common controlling parameters such as the population size and the number of generations on the performance of the algorithm are also investigated. The proposed algorithm is tested on 35 constrained benchmark functions with different characteristics and the performance of the algorithm is compared with that of other well known optimization algorithms. The proposed algorithm can be applied to various optimization problems of the industrial environment.
Introduction
The difficulties associated with mathematical optimization on large-scale engineering problems have contributed to the development of alternative solutions. Traditional methods like linear programming, dynamic programming etc. often fail (or trapped at local optimum) while solving multimodal problems having large number of variables and non-linear objective functions. To overcome these problems, several modern heuristic algorithms have been developed for searching near-optimum solutions to the problems. These algorithms can be classified into different groups depending on the criteria being considered such as population based, iterative based, stochastic, deterministic, etc. Depending on the nature of phenomenon simulated by the algorithms, the population based heuristic algorithms have two important groups: evolutionary algorithms (EA) and swarm intelligence based algorithms.
Some of the recognized evolutionary algorithms are, Genetic Algorithms (GA), Evolution Strategy (ES), Evolution Programming (EP), Differential Evolution (DE), Bacteria Foraging Optimization (BFO), Artificial Immune Algorithm (AIA), etc. Among all, GA is a widely used algorithm for various applications. GA works on the principle of the Darwinian theory of the survival of the fittest and the theory of evolution of the living beings (Holland, 1975) . ES is based on the hypothesis that during the biological evolution the laws of heredity have been developed for fastest phylogenetic adaptation (Runarsson & Yao, 2000) . ES imitates, in contrast to the GA, the effects of genetic procedures on the phenotype. EP also simulates the phenomenon of natural evolution at phenotype level (Fogel et al., 1996) . DE is similar to GA with specialized crossover and selection method (Storn & Price, 1997; Price et al., 2005) .
BFO is inspired by the social foraging behavior of Escherichia coli (Passino, 2002) . AIA works on the immune system of the human being (Farmer et al., 1986) . Some of the well known swarm intelligence based algorithms are, Particle Swarm Optimization (PSO) which works on the principle of foraging behavior of the swarm of birds (Kennedy & Eberhart,1995) ; Shuffled Frog Leaping (SFL) algorithm which works on the principle of communication among the frogs (Eusuff & Lansey, 2003) ; Ant Colony Optimization (ACO) which works on the principle of foraging behavior of the ant for the food (Dorigo et al.,1991) ; Artificial Bee Colony (ABC) algorithm which works on the principle of foraging behavior of a honey bee (Karaboga,2005; Basturk & Karaboga, 2006; Karboga & Basturk, 2007; Karaboga & Basturk,2008 ).
Beside the above mentioned evolutionary and swarm intelligence based algorithms, there are some other algorithms which work on the principles of different natural phenomena. Some of them are: Harmony Search (HS) algorithm which works on the principle of music improvisation in a music player (Geem et al.,2001) ; Gravitational Search Algorithm (GSA) which works on the principle of gravitational force acting between the bodies (Rashedi et al.,2009 ); Biogeography-Based Optimization (BBO) which works on the principle of immigration and emigration of the species from one place to the other (Simon,2008) ; and Grenade Explosion Method (GEM) which works on the principle of explosion of grenade (Ahrari & Atai, 2010) .
All the evolutionary and swarm intelligence based algorithms are probabilistic algorithms and require common controlling parameters like population size, number of generations, elite size, etc. In addition to the common control parameters, different algorithm requires its own algorithm specific control parameters. For example, GA uses mutation rate and crossover rate. Similarly PSO uses inertia weight, social and cognitive parameters. The proper tuning of the algorithm specific parameters is very crucial factor, which affect the performance of the above mentioned algorithms. The improper tuning of algorithm-specific parameters either increases the computational effort or yields the local optimal solution. Considering this fact, recently Rao et al. (2011 , and Rao & Patel (2012) introduced the Teaching-Learning-Based Optimization (TLBO) algorithm which does not require any algorithm-specific parameters. TLBO requires only common controlling parameters like population size and number of generations for its working. In this way TLBO can be said as an algorithm-specific parameter-less algorithm.
Elitism is a mechanism to preserve the best individuals from generation to generation. By this way, the system never loses the best individuals found during the optimization process. Elitism can be done by placing one or more of the best individuals directly into the population for the next generation. In the present work, the performance of TLBO algorithm is investigated for different elite sizes, population sizes and number of generations considering various constrained bench mark problems available in the literature.
Teaching-learning-based optimization (TLBO)
TLBO is a teaching-learning process inspired algorithm proposed by Rao et al. (2011 , and Rao and Patel (2012) based on the effect of influence of a teacher on the output of learners in a class. The algorithm describes two basic modes of the learning: (i) through teacher (known as teacher phase) and (ii) interacting with the other learners (known as learner phase). In this optimization algorithm a group of learners is considered as population and different subjects offered to the learners are considered as different design variables of the optimization problem and a learner's result is analogous to the 'fitness' value of the optimization problem. The best solution in the entire population is considered as the teacher. The design variables are actually the parameters involved in the objective function of the given optimization problem and the best solution is the best value of the objective function. The working of TLBO is divided into two parts, 'Teacher phase' and 'Learner phase'.
Teacher phase
During this phase a teacher tries to increase the mean result of the class in the subject taught by him or her depending on his or her capability. At any iteration i, assume that there are 'm' number of subjects (i.e. design variables), 'n' number of learners (i.e. population size, k=1,2,…,n) and M j,i be the mean result of the learners in a particular subject 'j' (j=1,2,…,m). The best overall result X total-kbest,i considering all the subjects together obtained in the entire population of learners can be considered as the result of best learner kbest. However, as the teacher is usually considered as a highly learned person who trains learners so that they can have better results, the best learner identified is considered by the algorithm as the teacher. The difference between the existing mean result of each subject and the corresponding result of the teacher for each subject is given by,
where, X j,kbest,i is the result of the best learner (i.e. teacher) in subject j. T F is the teaching factor which decides the value of mean to be changed, and r i is the random number in the range [0, 1] . Value of T F can be either 1 or 2. The value of T F is decided randomly with equal probability as,
T F is not a parameter of the TLBO algorithm. The value of T F is not given as an input to the algorithm and its value is randomly decided by the algorithm using Eq. (2). After conducting a number of experiments on many benchmark functions it is concluded that the algorithm performs better if the value of T F is between 1 and 2. However, the algorithm is found to perform much better if the value of TF is either 1 or 2 and hence to simplify the algorithm, the teaching factor is suggested to take either 1 or 2 depending on the rounding up criteria given by Eq.(2). Based on the Difference_Mean j,k,i , the existing solution is updated in the teacher phase according to the following expression.
where X' j,k,i is the updated value of X j,k,i . Accept X' j,k,i if it gives better function value. All the accepted function values at the end of the teacher phase are maintained and these values become the input to the learner phase. The learner phase depends upon the teacher phase.
Learner phase
Learners increase their knowledge by interaction among themselves. A learner interacts randomly with other learners for enhancing his or her knowledge. A learner learns new things if the other learner has more knowledge than him or her. Considering a population size of 'n', the learning phenomenon of this phase is expressed below.
Randomly select two learners P and Q such that X' total-P,i ≠ X' total-Q,i (where, X' total-P,i and X' total-Q,i are the updated values of X total-P,i and X total-Q,i respectively at the end of teacher phase)
Accept X'' j,P,i if it gives a better function value.
Elitist TLBO algorithm
In the previous work on TLBO algorithm by Rao et al. (2011 , and Rao and Patel (2012) , the aspect of 'elitism' was not considered and only two common controlling parameters, i.e. population size and number of generations were used. Moreover, the effects of common controlling parameters such as population size and the number of generations on the performance of the algorithm were not investigated in detail. Hence, in the present work, 'elitism' is introduced in the TLBO algorithm to identify its effect on the exploration and exploitation capacity of the algorithm.
The concept of elitism is utilized in most of the evolutionary and swarm intelligence algorithms where during every generation the worst solutions are replaced by the elite solutions. In the TLBO algorithm, after replacing the worst solutions with elite solutions at the end of learner phase, if the duplicate solutions exist then it is necessary to modify the duplicate solutions in order to avoid trapping in the local optima. In the present work, duplicate solutions are modified by mutation on randomly selected dimensions of the duplicate solutions before executing the next generation. Moreover, in the present work, the effect of the common controlling parameters of the algorithm i.e. population size, number of generations and elite-size on the performance of the algorithm are also investigated by considering different population sizes, number of generations and elite sizes.
At this point, it is important to clarify that in the TLBO algorithm, the solution is updated in the teacher phase as well as in the learner phase. Also, in the duplicate elimination step, if duplicate solutions are present then they are randomly modified. So the total number of function evaluations in the TLBO algorithm is = {(2 × population size × number of generations) + (function evaluations required for duplicate elimination)}. In the entire experimental work of this paper, the above formula is used to count the number of function evaluations while conducting experiments with TLBO algorithm. Since the function evaluations required for duplication removal are not clearly known, experiments are conducted with different population sizes and based on these experiments it is reasonably concluded that the function evaluations required for the duplication removal are 5000, 10000, 15000 and 20000 for population sizes of 25, 50, 75 and 100, respectively.
The flow chart of the Elitist TLBO algorithm is shown in Fig. 1 . The next section deals with the experimentation of improved TLBO algorithm on various constrained benchmark functions.
Experiments on constrained benchmark functions
In this section, the ability of TLBO algorithm is assessed by implementing it for the parameter optimization of 22 well defined problems of CEC 2006 (Liang et al., 2006) . These problems include various forms of objective functions such as linear, nonlinear, quadratic, polynomial and cubic. Each problem has a different number of variables, ranges of constraints, number and types. In the field of optimization, a common platform is required to compare the performance of different algorithms for different benchmark functions. Previously different researchers experimented different algorithms for the considered benchmark functions with 240000 function evaluations. Considering this fact, in the present work also the common platform is maintained by setting the maximum function evaluations as 240000. Thus, the consistency in the comparison is maintained while comparing the performance of TLBO with other optimization algorithms. However, it may be mentioned here that, in general, the algorithm, which requires fewer number of function evaluations to get the same best solution can be considered as better as compared with the other algorithms. If an algorithm gives global optimum solution within certain number of function evaluations, then consideration of more number of function evaluations will go on giving the same best result. Rao et al. (2011 showed that TLBO requires fewer number of function evaluations as compared with the other optimization algorithms.
Even though certain experiments were not conducted by Rao et al. (2011 in the same settings, but better test conditions (i.e. comparatively less number of function evaluations) were chosen by them which proved the better performance of TLBO algorithm. There was no need for TLBO algorithm to go to the high settings followed by other researchers who used different number of function evaluations for the considered benchmark functions. The stopping conditions used by Rao et al. (2011 in certain benchmark functions with 30 runs each time were better than those used by other researchers. However, in this paper, to maintain the consistency in comparison, the number of function evaluations of 240000 is maintained the same for all optimization algorithms including TLBO algorithm for all the benchmark functions considered.
Like other optimization algorithms (e.g. PSO, ABC, ACO, etc.), TLBO algorithm also has not any special mechanism to handle the constraints. So, for the constrained optimization problems it is necessary to incorporate any constraint handling technique with the TLBO algorithm even though the algorithm has its own exploration and exploitation powers. In this experiment, Deb's heuristic constrained handling method (Deb, 2000) is used to handle the constraints with the TLBO algorithm. Deb's method uses a tournament selection operator in which two solutions are selected and compared with each other. The following three heuristic rules are implemented on them for the selection:
• If one solution is feasible and the other infeasible, then the feasible solution is preferred.
• If both the solutions are feasible, then the solution having the better objective function value is preferred.
• If both the solutions are infeasible, then the solution having the least constraint violation is preferred.
These rules are implemented at the end of the teacher phase and the learner phase. Deb's constraint handling rules are used to select new solution based on the above three heuristic rules. For the considered test problems, the TLBO algorithm is run for 30 times for each benchmark function. In each run the maximum function evaluations is considered as 240000 for all the functions and the results obtained using the TLBO algorithm are compared with the results given by other well known optimization algorithms for the same number of function evaluations.
Moreover, in order to identify the effect of population size on the performance of the algorithm, the algorithm is experimented with different population sizes viz. 25, 50, 75 and 100 with number of generations 4700, 2300, 1500 and 1100 respectively so that the function evaluations in each strategy is 240000. Similarly, to identify the effect of elite size on the performance of the algorithm, the algorithm is experimented with different elite sizes, viz. It is observed from Tables 1-11 that for functions G02, G03, G07, G15-G17, G21 and G23, strategy with population size of 100 and number of generations of 1100 produced the best result than the other strategies. For functions G05, G09, G11, G13, G14 and G19, strategy with population size of 50 and number of generations of 2300 gives the best results. For functions G10, strategy with population size of 75 and number of generations of 1500 and for function G18 strategy with population size of 25 and number of generations of 4700 produces the best results. While for functions G04, G06, G08, G12 and G24 all the strategies produce the same results and hence there is no effect of population size on these functions to achieve their respective global optimum values with same number of function evaluations. For function G01, strategies with population size of 75 and 100 and number of generations of 1500 and 1100 respectively produce the identical results.
Similarly, it is observed from Tables 1-11 that for functions G02, G03, G07, G13, G15, G16, G18, G19 and G23, strategy with elite size 0, i.e. no elitism produces the best results than the other strategies having different elite sizes. For functions G05, G09, G10 and G21, strategy with elite size of 4 produces the best results. For functions G11, G14, and G17, strategy with elite size of 8 produces the best results. For functions G04, G06, G08, G12 and G24 all the strategies (i.e. strategy without elitism consideration as well as strategies with different elite sizes consideration) produce the same results and hence there is no effect of elitism on these functions. For function G01, strategies with elite size of 4, 8, 12 and 16 with population sizes of 75 and 100 produce the same results. Table 12 shows the optimum results obtained by the TLBO algorithm for all the G functions. The performance of TLBO algorithm is compared with the other well known optimization algorithms such as PSO, DE and ABC for G01-G13 functions. The results of PSO, DE and ABC are taken from the previous work of where the authors had experimented benchmark functions each with 240000 function evaluations with best setting of algorithm specific parameters. Table 13 shows the comparative results of the considered algorithm in the form of the best solution, the worst solution and the mean solution. It is observed from Table 13 that TLBO algorithm outperforms the PSO, DE and ABC algorithms for function G02 in every aspect of comparison criteria. For function G01 and G03, the performance of the TLBO and ABC are alike and TLBO outperforms the PSO and DE algorithms. For function G07, the performances of the TLBO and DE are alike and TLBO produces better results than PSO and ABC. For function G12, the performances of TLBO, ABC and DE are alike and these algorithms produce better results than PSO. For function G10, performance of TLBO is better than the rest of the considered algorithms in terms of mean solution obtained by the algorithms while for function G11 the performance of PSO, ABC and TLBO is similar. For functions G04, G06, G08 and G09, the performance of all the considered algorithms is identical and these algorithms produce equally good results. For functions G05 and G13, the results obtained using PSO are better than the rest of the considered algorithms though the TLBO results are better than DE and ABC algorithms in terms of mean solution. The graphical comparison of TLBO, DE, ABC and PSO algorithms in searching the best and the mean solution is shown in Fig. 2 .
Fig. 2.
Comparison of TLBO with other optimization algorithm for the 13 constrained benchmark functions (G 01-G 13) in searching the best and the mean solutions. The ability of an algorithm for finding the global optimum value is indicated by black column. The number above the column indicates the total number of functions for which the algorithm is able to find global optimum. Similarly, the grey column indicates the ability of an algorithm in finding the better mean solution. Here also, the number above the column indicates the total number of function for which the mean result obtained by the algorithm is better or comparable to the other considered algorithms.
To identify the effect of population size, number of generations and elite size on the convergence rate of the TLBO algorithm, five benchmark functions (G03, G06, G10, G18 and G19) are considered. The considered benchmark function possess different forms of the objective function (i.e. G03 is polynomial, G06 is cubical, G10 is linear, G18 is quadratic and G19 is non linear) and having different number of variables. The TLBO algorithm is implemented on the considered functions with 240000 function evaluations. Graph is plotted between the fitness value (i.e function value) and function evaluations. Function value taken is the average of function value for 10 different independent runs.
Figs. 3-7 show the convergence graphs for different benchmark problems. It is observed from Fig. 3 that for function G03, the convergence rate of algorithm increases with the increase in as population size. The convergence rate is almost similar as the population size increases from 75 to 100. Also, as the elite size increases from 0, the convergence rate of the algorithm reduces. For function G06, population size of 25 and number of generations of 4700 produce better convergence rate as shown in Fig. 4 . For function G10, strategy with population size of 75 and elite size of 4 produces better convergence rate than any other strategy as shown in Fig. 5 . For functions G18 and G19, strategy with population size 25 and 50 produces the better convergence rate respectively as shown in Figs. 6 and 7. It is observed from Figs. 3-7 that for any given population size, with increase in the number of generations (i.e. increase in the function evaluations) the performance of the algorithm is improved. Now the computational complexity of the TLBO algorithm is calculated as per the guidelines given in CEC 2006 (Liang, 2006) . G1-G24 functions are considered for calculating the computation complexity. The complexity of the algorithm is given in the form (T 2 − T 1 ) / T 1 , where T 1 is the average computing time of 10000 function evaluations for each optimization problem and T 2 is the average of the complete computing time for the algorithm with 10000 evaluations for each optimization problem. The computational time T 1 = 8.6352 s, T 2 =10.8934 s and (T 2 − T 1 ) / T 1 = 0.2615. The TLBO is coded in MATLAB 7 and implemented on a laptop having Intel Pentium 2 GHz processor with 1 GB RAM. The code of the TLBO algorithm is given in Appendix of this paper.
Experiments on complex constrained optimization problems
In this experiment, the TLBO algorithm is implemented on 13 specifically designed constrained optimization problems. These problems were designed by Mallipeddi and Suganthan (2010) and the details of the problems are available in their work. The capability of the algorithm to find global solution for the constrained problem depends on the constraint handling technique also. In this experiment, ensemble of four different constrained handling techniques, suggested by Mallipeddi ans Suganthan (2010) is used to handle different constraints. An ensemble of constraint handling techniques (ECHT) includes four different constraint handling techniques, viz. superiority of feasible solutions, self-adaptive penalty, ε-constraint and stochastic ranking. The details of ECHT is available in the previous work of Mallipeddi and Suganthan (2010) . Mallipeddi and Suganthan (2010) used DE and EP algorithms along with ECHT and set the maximum number of function evaluations as 240000 for all the functions. In order to maintain the consistence in the comparison, TLBO is also implemented with the 240000 maximum function evaluations. Here also to identify the effects of population size and elite size on the performance of the algorithm, the TLBO algorithm is experimented with different strategies mentioned in the previous experiment. For function H06, the results obtained using EP are better than the TLBO results. The graphical comparison of TLBO, DE and EP in searching the best and the mean solutions is shown in Fig. 8 . The black and grey columns of Fig. 8 indicate the ability of the algorithm to find global optimum and better mean solution respectively. elitism enhances the performance of the TLBO algorithm for the constrained optimization problems. Similarly, it is observed from both the experiments that for majority of the problems the strategy with higher population size produced the better results. Smaller population size required more number of iterations to achieve the global optimum value. For some class of problems the strategy with smaller population size produced the promising results than higher population size. Thus, similar to the other evolutionary or swarm intelligence based algorithms, the TLBO algorithm requires proper tuning of the common controlling parameters (i.e. population size, number of generations and elite size) before applying it to any problem. However, TLBO does not require any algorithm-specific control parameters.
Conclusion
All the evolutionary and swarm intelligence based algorithms require proper tuning of algorithmspecific parameters in addition to tuning of common controlling parameters. A change in the tuning of the algorithm specific parameters influences the effectiveness of the algorithm. The recently proposed TLBO algorithm does not require any algorithm-specific parameters. It only requires the tuning of the common controlling parameters of the algorithm for its working. In the present work, the concept of elitism is introduced in the TLBO algorithm and its effect on the performance of the algorithm for the constrained optimization problems is investigated. Moreover, the effect of common controlling parameters (i.e population size, elite size and number of generations) on the performance of TLBO algorithm is also investigated by considering different combinations of common controlling parameters. The proposed algorithm is implemented on 35 well defined constrained optimization problems having different characteristics to identify the effect of elitism and common controlling parameters. The results show that for many functions the strategy with elitism consideration produces better results than that without elitism consideration. Also, in general, the strategy with higher population size has produced better results than that with smaller population size for same number of function evaluations. The results obtained by using TLBO algorithm are compared with the other optimization algorithms available in the literature for the considered benchmark problems. Results have shown the satisfactory performance of TLBO algorithm for the constrained optimization problems.
The proposed algorithm can be easily applied to various optimization problems of the industrial environment such as job shop scheduling, flow shop scheduling, FMS scheduling, design of cellular manufacturing systems, project scheduling; design of facility location networks; portfolio optimization; determination of optimal ordering and pricing policies; supplier selection and order lot sizing; assembly line balancing; inventory control; production planning and control; locating distribution centers and allocating customers demands in supply chains; vehicle-routing problems in transportation, etc. In general, the proposed algorithm may be easily customized to suit the optimization of any system involving large number of variables and objectives. 
